Flood forecasts and warnings are intended to reduce flood-related property damages and loss of human life. Considerable research has improved flood forecasting accuracy (e.g., more accurate prediction of the occurrence of flood events) and lead time. However, the delivery of improved forecast information alone is not necessarily sufficient to reduce flood damage and loss of life, as people have varying responses and reactions to flood warnings. This study develops an agent-based modeling framework that evaluates the impacts of heterogeneity in human behaviors (i.e., variation in behaviors in response to flood warnings), as well as residential density, on the benefits of flood warnings. The framework is coupled with a traffic model to simulate evacuation processes within a road network under various flood warning scenarios. The results show the marginal benefit associated with providing better flood warnings is significantly constrained if people behave in a more risk-tolerant manner, especially in high-density residential areas. The results also show significant impacts of human behavioral heterogeneity on the benefits of flood warnings, and thus stress the importance of considering human behavioral heterogeneity in simulating flood warning-response systems. Further study is suggested to more accurately model human responses and behavioral heterogeneity, as well as to include more attributes of residential areas to estimate and improve the benefits of flood warnings.
INTRODUCTION
Flooding is a common weather disaster in the United States (U.S.) that has caused significant social and economic loss (Smith and Matthews, 2015) . Flood warnings have been shown to be effective in reducing flood-related deaths and economic loss from flood damages (Estrela et al., 2001) . Some studies suggest that as little as 1 h of lead time can reduce flood damages by 10-20%, with potential savings of $1.62 billion annually in the U.S. (National Hydrologic Warning Council, 2002) . In addition, many case studies around the world have reported the impact of early flood warning systems on saving human lives (Golnaraghi et al., 2008) .
Flood warning systems, which have often been described as a combination of tools and processes embedded in different institutional, organizational, and infrastructure systems, are composed of (1) knowledge-based modeling and forecasting of flooding; (2) a monitoring and warning system; (3) an information dissemination system; and (4) public preparedness and response. It is argued that the effectiveness of these systems is often rooted in the accuracy of the forecast, the lead time of the warning, and stakeholder's understanding of how the risk is translated and interpreted by the public, which ultimately will translate into direct actions (World Bank, 2010) . Naturally, a considerable amount of research and development has focused on providing flood warnings that have both high prediction accuracy and sufficient warning lead time (Siccardi et al., 2005; Verkade and Werner, 2011) . Recent advances in predictions have allowed the public to obtain more reliable information in a timely manner, and longer time for planning and strategizing by emergency responders (Cloke and Pappenberger, 2009; Golding, 2009; Arheimer et al., 2011) .
Nevertheless, improvements in these areas do not in themselves reduce risk in disaster situations as reliable and timely warnings do little good if not followed by (early) actions. Research has demonstrated that people's behavior during disaster events can have major impacts on the effectiveness of emergency response and evacuation plans (Starcke and Brand, 2012; Durage et al., 2014) . These studies have had limited consideration of how human's heterogeneous response to flood warnings affect the evacuation processes (i.e., considering how people respond differently to flood warnings). There is a need for a more comprehensive understanding of how human evacuation processes are affected by interpretations of flood warning information and, ultimately, how these translate into actions (Dash and Gladwin, 2007) .
Evacuation decision-making processes remain complex and uncertain. This is especially true when one tries to understand human cognition processes under disaster situations, which are affected by risk aversion, interpretation of warning systems, preparedness and education on evacuation procedures, etc. (Dash and Gladwin, 2007) . Moreover, to better understand how human behavior systemically affects evacuation processes, one must consider the socioeconomic aspects of households (e.g., residential location, access to evacuation transportation, previous experiences with floods, etc.) that affect all stages of evacuation processes. Considering all of these human behavioral and social-economic factors and their heterogeneities has often been identified as one of the primary challenges for effective flood warning systems (Pan et al., 2007; Dawson et al., 2011) .
Considerations such as what level of warning and/ or with how much lead time the warning should be issued are critical to the effectiveness of flood warning systems. Earlier lead times have not proven to necessarily reduce the level of flood damages or loss of life, as the uncertainty with the forecast at those times is often quite high (Schr€ oter et al., 2008) . At the same time, people have different risk aversion aptitudes that create difficulty in understanding what level of warning should be issued. High-risk warnings with high uncertainty could result in loss of trust in the flood warning system, whereas a low-risk warning can result in catastrophic consequences if people's risk aversion levels are above it. Thus, there is a need for a framework that allows for a better understanding of how the heterogeneity of response to flood warnings influences the effectiveness of flood warning systems.
This study proposes an agent-based modeling framework to incorporate human behavioral heterogeneity into flood warning-response systems. The objective is to test the hypothesis that the benefits of flood warnings will vary depending on heterogeneous responses to flood warnings. Furthermore, this study also explores the relationships between the benefits of flood warnings and residential density (RD) of flood zones. This will improve the understanding of priorities in developing evacuation plans for a specific community, and also provide insights that will allow for more effective flood warning systems.
The remainder of this study is structured as follows. The next section will introduce the state-ofthe-art of knowledge related to this study. The third section will provide a detailed description of the methodology of this study, including how the agentbased modeling framework is set up and how it is coupled with the traffic model. The coupled model is tested by a hypothetical case study and the preliminary results are presented in the fourth section, followed with conclusions and future work in the final section.
THE STATE-OF-THE-ART KNOWLEDGE
Previous studies that explored the effects of human behaviors on the benefits of flood warnings mainly focused on gathering empirical data, often through surveys (Zhang et al., 2007; Lazo et al., 2010; Starcke and Brand, 2012) , or simulated the evacuation process using a complex mathematical model representing human rationale (Ferrell, 1983) . These studies have mostly concentrated on exploring the effectiveness of different evacuation plans under different flooding and traffic scenarios. These studies allow the JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION inclusion of traffic dynamics on different road networks, and explicit modeling of rules that mimic human rationale and adaptability during emergency situations, and they have enabled a better understanding of which factors influence the effectiveness of evacuation procedures. For example, Dawson et al. (2011) integrated a dynamic agent-based model with a hydrodynamic model and a traffic model, with the objective of understanding the probability of an individual being exposed to flood under different storm surge conditions and warning lead times. The results of this study demonstrated that the number of people exposed to dangerous water depths increases monotonically as the storm surge height increases as the warning time becomes shorter. For a case study in the United Kingdom, there was almost a fourfold reduction in the number of agents exposed to flood when an effective flood warning system is used that considers the dynamics of the decision-making processes and consequential behaviors within the transportation system.
Among the studies that have explored the value of the warning information as a function of its own attributes is the analysis presented by Schr€ oter et al. (2008) . This study analyzed the effectiveness and efficiency of an early warning system for flash floods. By using historical data in two river basins, the authors analyzed the relationship between the reliability of information and the potential damage reduction as a function of the warning lead time. In addition, the authors compared the benefits and costs associated with using an early warning system as a function of the warning lead time. The authors found that longer lead times did not necessarily result in larger benefits as the reliability of the information at these times was often low. Finally, the study concluded that among the main factor affecting the effectiveness of the warning systems was stakeholder awareness, and that perhaps this was as important as improvements in flood forecast accuracy.
Similarly, Verkade and Werner (2011) assessed the cost-benefit ratio of providing flood warning information. Using a case study in White Cart Water in Glasgow, United Kingdom, the authors presented a framework to estimate the flood risk reduction when using flood forecasting, warning, and response systems. Using a hydro-economic model of expected annual damage due to flooding, combined with the concept of Relative Economic Value, the method was able to estimate the benefits associated with reduction in flood losses while considering the cost of providing the warnings and the cost associated with forecast uncertainty. The study demonstrated that the use of a probabilistic forecast had the potential to gain higher benefits for any given lead time. It also demonstrated that the lead time of the warning information should be a function of the forecast uncertainty and the cost-loss ratio of the people receiving and responding to the warning, as longer lead times do not necessarily lead to a larger reduction in flood risk.
These previous studies have provided information on how the effectiveness of using flood warning information is affected by the accuracy of the prediction and the warning lead time, and/or have provided models of human decision-making processes and their effects on evacuation processes. Nevertheless, none of the previous studies has integrated the heterogeneity in people's behaviors with the effectiveness of flood warning information. Moreover, these studies have relied mostly on historical data to draw conclusions about the cost-benefit of using flood warning systems. There is still a need for a framework that bridges the gap between these elements, where the empirical data gathered in previous studies would inform human decision-making rules and their interactions, while at the same time consider uncertainties in the flood warning information. The central premise of this study is to explore how interpretation and response to flood warnings affect the benefits of the information provided by the flood warning systems. In other words, the study aims to understand the marginal benefit of providing a more accurate forecast and/or longer lead times given the heterogeneity in risk aversion aptitudes and their socioeconomic environments.
METHODOLOGY
Responses to flood warnings are very diverse as they are often influenced by many socioeconomic aspects (e.g., social class, age, gender, past experience with floods, flood insurance, etc.) and by the values and beliefs of family and neighbors (Mileti, 1995; Parker et al., 2009) . The interactions among people with such diverse behaviors will eventually form a complex and dynamic system (human community) in which all its subsystem components (individuals) are interconnected with and affected by each other An, 2012) . This property of the complex system imposes challenges to the use of traditional, top-down, centralized simulation approaches (e.g., optimization). Agent-based modeling has often been suggested as an appropriate solution to this kind of problem for capturing the dynamic feedback of subsystem components and their inherent complexities (Heath et al., 2009) . Unlike top-down approaches, which assume centralized control of decision-making processes, agent-based modeling takes a bottom-up approach in which each system component is simulated as an autonomous, interdependent, and adaptive agent with heterogeneous attributes and decision rules (Bonabeau, 2002; Macy and Willer, 2002) .
However, simulating such complex systematic interactions can be quite computationally expensive, which has constrained the application of agent-based models in simulating complex systems. With more advanced high-performance computing technologies developed in recent years, agent-based modeling has been more widely applied to simulating human behaviors in many areas, such as river basin management Hu et al., 2015) , land use and land cover change (Kelley and Evans, 2011; Ralha et al., 2013) , agriculture and ecosystems (Doran, 2001; Ng et al., 2011) , economic and financial markets (Raberto et al., 2001; Zhao et al., 2013) , and simulation of flood and other natural disaster events (Shi et al., 2009; Zhang et al., 2009; Aschwanden et al., 2012) . These studies have shown that an agent-based modeling approach can potentially better represent empirical systems and improve understanding of the relationships among different system components. Therefore, this study adopts an agent-based modeling approach to simulate flood warning-response systems. The model simulates (1) a geographical system that consists of a group of residents (defined as agents) and a transportation network; (2) probabilistic flood warnings that indicate the probability of flood within a specified lead time (e.g., 80% chance of having a flood within 5 h); and (3) decision-making processes that describe how the agents make evacuation decisions after receiving the flood warnings and how they evacuate to the safe area through the transportation network following certain evacuation rules (Figure 1a) . The architecture of the proposed agent-based model is shown in Figure 1b . The upper level of the model describes the geographical environment and flood warning information that all of the agents receive. The lower level of the model describes how an agent is defined by its attributes and behaviors.
Responses to flood warnings result from integration of a set of decision-making processes that includes reception of flood warning information, social psychological processes for understanding this information, and actions to reduce flood damage (e.g., moving valuables to flood-free places, evacuating to safe areas) (Mileti, 1995) . Transportation networks are important factors that affect both people's evacuation strategies and the total time needed for evacuation during emergencies (Chen and Zhan, 2008) . Thus, the proposed agent-based model takes both human components (people and their decision-making processes after receiving flood warnings) and evacuation transportation networks into consideration.
Transportation Network and Traffic Rules
The transportation system plays a pivotal role in evacuation planning and management and is framed in the National Response Framework (NRF) as a critical infrastructure during natural disasters and other emergencies (Department of Homeland Security, 2013; Murray-Tuite and Wolshon, 2013). The transportation system is an integrated system including transportation networks, vehicles in the networks, and traffic rules that regulate the movements and interactions of the vehicles. Thus, modeling a transportation system includes simulating two components: (1) the transportation network itself; and (2) the traffic rules of the transportation network that all vehicles should follow. Regarding the first component, the complexities associated with transportation networks make it challenging to explicitly include all of their features in simulation model. To manage this complexity, many studies have suggested the use of simplified representations of transportation networks, such as a directed graph (Sheffi et al., 1982; Cova and Johnson, 2003; Zhang et al., 2009 ), which contains a set of nodes, edges, and weights associated with edges.
Edges and nodes in a directed graph represent a transportation networks' routes and route intersections. The weight of an edge represents the cost of using the route it represents (e.g., distance of the route, speed limit, route capacity, etc.). Mathematically, a graph can be represented as a matrix. For example, the row and column of a matrix element can represent the starting and ending nodes of an edge, respectively, whereas the value of the element represents the cost (i.e., length) of the edge. Edges associated with nodes that are not directly connected are assigned an infinite cost to represent that no direct evacuation route exists between them. Figure 2 is an example representation of a transportation network as a graph. The transportation network in Figure 2a consists of four nodes (node 1, 2, 3, and 4); the directed edges among these nodes represent connections among them. The matrix in Figure 2b is the mathematical representation of the directed graph. Note that no direct edge connects node 3 to node 4; in the matrix, the length from 3 to 4 is therefore set to be infinite.
Traffic rules, as mentioned above, are also important components in transportation system simulation. Traffic rules regulate the movements and interactions of each individual vehicle in the network. Among a variety of traffic simulation methods developed in recent decades, individual-oriented methods have been suggested as powerful simulation tools for representing individual interactions and systematic traffic flow pattern in a transportation system (Chen and JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION Zhan, 2008). The Nagel-Schreckenberg model (N-S model), first proposed in 1992 by Nagel and Schreckenberg (1992) , is a widely used, individual-oriented method in both theoretical and empirical studies. The N-S model divides a road into cells and categorizes a vehicle's actions on the road into four groups in a time unit: acceleration, deceleration, randomization, and movement. As demonstrated in Figure 2a , for vehicle i and vehicle j traveling from node 1 to node 3 with traveling speed v i and v j , respectively, the speed of vehicle i is determined by the following rules for each time step:
1. If the distance between vehicle i and vehicle j is greater than a safe distance, the vehicle will accelerate, increasing moving speed by a unit. As there is a speed limit on each edge, the vehicle's moving speed would not exceed the road's maximum limit speed. 2. If the distance between vehicle i and vehicle j is less than a safe distance, the vehicle will decrease its moving speed by a unit. 3. A vehicle will randomly change its speed by one unit with a certain probability. 4. At the end of each time step, a vehicle will move one time step and update its location on its current route.
Because the N-S model can capture empirical traffic phenomena and allow for parallel computing, it has been widely applied in many studies and has been developed as the Transportation Analysis and (1) flood warning managers issue a flood warning to residents, (2) residents receive the flood warning and make evacuation decisions (stay or evacuate), (3) residents evacuate through the transportation network, and (4) agents' final evacuation status, respectively. Figure (b) illustrates the structure of the model. The upper level of the structure represents agents' environment (i.e., geographical system and flood warning information). The lower level represents the attributes and behaviors that are used to define agents (see Table 1 ).
Simulation System for regional transportation system analysis (Smith et al., 1995; Nagel and Rickert, 2001; Lee et al., 2014) . In our study, we use the N-S model to simulate evacuation processes on transportation networks, assuming that they will follow the rules defined in the N-S model. We assume that individuals follow the all-way stop rule when multiple vehicles arrive at a road intersection at the same time: a vehicle that arrives first has precedence over vehicles that arrive later.
Household Agents
In the face of flood risk, we assume that all family members in a household will affect each other in arriving at final evacuation decisions. Both empirical and theoretical flood warning studies are typically conducted at the household level (Parker et al., 2007) . Household demographics (e.g., location, education, income, etc.) are therefore assumed to provide sufficient information regarding socioeconomic aspects of each agent. Therefore, each household is simulated as an agent in this study. An agent is defined by the attributes and decision rules that relate it to flood warning responses and actions (Figure 1b) . We assume that all agents share a transportation network for evacuation during emergencies and will receive a flood warning at the same time.
The agents will need to make decisions regarding whether to evacuate to a flood-free area outside of the neighborhood. The decision-making processes depend on each agent's attributes and decision rules. The following sections introduce how we define the agent's attributes and decision rules in this study.
Agent Attributes. Agent attributes are defined as a set of parameters that describe the characteristics of an agent. In this particular study, in which each household is defined as an agent, agent attributes refer to the characteristics of each household that relate to flood warning responses and evacuation processes. Previous studies have shown that flood warning responses and evacuation processes are affected by many physical, psychological, and socioeconomic factors (Drabek, 1999; Gladwin et al., 2009; Parker et al., 2009) . However, representing all of these factors in a model is challenging when lacking empirical data. Therefore, in this study, we simplify the representation of these factors and classify an agent's attributes as physical attributes that are related to its evacuation process, and psychological attributes that are related to its response to flood warnings (Table 1) .
Physical attributes describe an agent's physical characteristics related to flood warning responses and evacuation actions (e.g., location of a house, house type, construction material of the house, etc.). To capture the attributes that are essential for simulating the agents' evacuation processes and evaluating the benefits of flood warnings, three types of physical attributes are included: agent's geographical location (G), maximum evacuation speed (V max ) in the transportation network, and evacuation status (ES) at the end of the simulation period. An agent's geographical location in the transportation network is represented by three variables (i.e., N s , N e , d) that indicate the agent's movement from starting node (N s ) to ending node (N e ) and the distance between its current location and N s (d). For example, the geographical location of agent i in Figure 2a can be denoted by [1, 3, d i ]. An agent's maximum evacuation speed defines its maximum moving speed on a route in a transportation network, which is assumed to be the maximum speed limit of the evacuation route in this study. ES represents an agent's evacuation status at the end of the simulation period. ES is a categorical variable for which there are only three values: 1 (denotes that an agent stays at its initial location without considering evacuation); 2 (denotes that the agent is currently evacuating but has not arrived at the safe area), and 3 (denotes that the agent has arrived at the safe area). Psychological attributes measure an agent's risk tolerance (RT) to flood risk in flood warning systems. Many studies have shown that responses to flood warnings are affected by sociopsychological factors such as understanding of flood warnings, interpretation of risk, rationality in decision making, past experiences with floods, etc. (Weinstein and Klein, 1995; Brewer et al., 2004; Zhang et al., 2007) . When a flood warning is issued, an agent will consider all of these factors in making evacuation decisions. Lacking empirical data to represent the complex interconnected relationships among these factors, in this study we summarize all of these factors into a single parameter, RT threshold, to measure an agent's maximum tolerance level for flood risk, where flood risk is represented by the probability of floods in the neighborhood. The agent will decide to evacuate to a safe area if the flood risk exceeds his or her tolerance threshold. We introduce quantification of RT in the case study section of this article. Naturally, the agents will behave differently in addressing these flood risks. Risk-tolerant agents will not respond as actively as risk-averse agents. Two common methods for representing the heterogeneity of an agent's decision are (1) to classify agents into several categories (e.g., Li and Liu (2007) divided household agents in a city into six groups based on the agents' income and household size; Ng et al. (2011) divided farmer agents into bold and cautious groups based on the agents' adaptation of biofuel crops), and (2) to continuously vary agent's behavioral parameters (e.g., Benenson (1999) continuously varied agents' income to study residential distribution in a community; Huang et al. (2013) varied agent's purchasing budgets and preference for location parameters to study the spatial patterns of urban land markets). This study applies the second method, continuously varying agents' behavioral parameters, with the aim of evaluating how these decision parameters affect model output across a broad range of parameter settings.
Agent Behaviors. Understanding flood warning information and making evacuation decisions are very complex processes (Mileti, 1995) . Simplified decisionmaking processes have been applied by many studies to simulate evacuation behaviors during natural disasters (Shi et al., 2009 ). In our work, an agent's response to flood warnings is simplified into three steps: (1) decide if evacuation action should be taken based on the flood risk; (2) choose an evacuation path if the agent decides to evacuate; and (3) evacuate through the selected path following traffic rules.
Based on these three decision-making processes, three types of behaviors are simulated in this work: evacuation decision, evacuation path search, and real-time evacuation speed (Figure 1 ). Evacuation decision describes the process of an agent receiving flood warnings and deciding if the agent wants to evacuate to a safe area or not. An agent's evacuation decision depends on the probability of flooding and the agent's RT threshold. An agent will decide to evacuate if the probability of flooding exceeds its RT threshold. Otherwise, agents will choose not to evacuate even if there is a flood warning. The second type of behavior describes how an agent selects its evacuation path to the safe area. In this study, it is assumed that all of the agents have good knowledge about the transportation network and they will choose the shortest path from their current locations to the safe area as their evacuation path.
Besides evacuation route selection, the third important behavior is deciding on the evacuation speed at each time step. As an agent evacuates on a route, its speed is contained by (1) its own maximum evacuation speed;
(2) maximum speed limits on the route; and (3) the location and evacuation speed of other agents on the same route. In this study, the agents' real-time evacuation speed is regulated by the N-S traffic model; for more details of how the moving speed of an agent is determined, see Nagel and Schreckenberg (1992) .
Model Implementation
We implement the agent-based model using an object-oriented programming language, Java. The model execution process can be summarized in three steps ( Figure 3) : (1) prepare input data to construct agents; (2) execute agent-based model; and (3) analyze and output model execution results. The following sections introduce more details on the implementation of each of these steps.
Step 1. Prepare Input Data to Construct Agents. Two types of input data are needed to initialize the model: input data for agents and input data for evacuation transportation network. Input data for agents define each individual agent's attributes and behavior parameters, which are listed in Table 1 . One of this study's main objectives is to understand how the agent's risk threshold will affect the benefits of flood warnings. Without empirical knowledge about the distribution of human behavior parameters, it is often assumed that people's behavioral parameters (i.e., risk threshold in this study) follow probability distributions. Uniform (Hu et al., 2015) and normal distribution (Huang et al., 2013) are two commonly applied assumptions for modeling agents' behavior through parameter distributions. Because the coefficient of variation is a standard measurement of the dispersion of a distribution, this study applies the normal distribution to generate agents' risk threshold. The mean value of the normal distribution measures the agents' overall risk threshold for floods (l RT ), whereas the coefficient of variation (CV RT ) measures agents' behavioral heterogeneity. Coefficient of variation is set to be zero to simulate agents with homogeneous risk threshold.
Input data for the evacuation transportation network define the number of nodes and how the nodes connect with one another in the network. One of these nodes is set as the evacuation destination to represent the safe area without flood risk. To improve computational speed, the shortest path from any given location to this evacuation destination is calculated before model execution and is stored in a Java hashtable with keys and values. The hashtable key is the location of an agent in the transportation network. The hashtable value is the shortest path from any given location to the evacuation destination. The hashfunction of the hashtable will return the shortest evacuation path from the agent's current location to the evacuation destination.
Step 2. Execute Model. The model execution process starts with a probabilistic flood warning that indicates the probability of flooding within a specified lead time. All of the agents will receive this flood warning and make evacuation decisions based on the decision rules described in the previous sections. For the agents who decide to evacuate through the transportation network, their evacuation processes are Step 3. Analyze the Benefits of Flood Warnings. At the end of the model execution process, the model will return the evacuation status of each agent. The benefits of flood warnings can be measured by multiple criteria such as total flood damage reduction or saving of human life. In this study, we measure the benefits of flood warning by the percentage of agents that have evacuated to the safe area at the end of the model simulation.
Model Validation
Model validation is an essential step in the model development process. The main objective of model validation is to demonstrate that the model simulation results can reasonably represent or approximate the behaviors observed in the real systems (Heath et al., 2009) . A variety of model validation methods and techniques have been proposed for agent-based models (Ngo and See, 2011) . Among them, structure validation and output validation are two of the most important and common methods. The objective of structural validation is to demonstrate that the agent-based models can correctly represent the behaviors and the operation rules of the real systems. Outcome validation compares the model output with observations from real systems when empirical data are available (Huang et al., 2013) .
When empirical data are not available to quantitatively show the interactions among the autonomous agents in the system, model validation becomes challenging. To address this challenge, many studies have used expert's knowledge for a qualitative assessment of the model performance (Heath et al., 2009) . In this theoretical study, with no empirical data about the model outputs, the model validation is conducted from a qualitative perspective with empirical findings from previous studies (Mileti, 1995; Parker et al., 2007 Parker et al., , 2009 Paul, 2012) . The output validation was done by comparing the model output with the expert's knowledge about flood warning-response systems. The next section gives more details about the model validation.
CASE STUDY

Transportation Network and Scenario Design
Transportation Network. A hypothetical geographical system is designed as the case study. The geographical system consists of a transportation network and a number of household agents (Figure 4) . To consider flood warning-response systems with different spatiotemporal scales, we use general units to measure length and time, following the approach adopted by Zhang et al. (2009) . The length and time units are represented by L and T, respectively. The evacuation transportation network has 16 nodes, with one node selected as the evacuation destination, and 16 routes. Each evacuation route is assumed to be a two-way road with one lane for each traveling direction (Chen and Zhan, 2008) . The total length of the transportation network is 2,210 L. We assume that all lanes in this network have the same speed limit (10 L/T in this study) and all route intersections have an all-way stop sign to regulate traffic, which means that an agent arriving at the intersection first will take precedence over agents arriving later. More complex transportation networks could be used to generate more complex evacuation phenomena, which are discussed further in the Conclusions and Future Work section. The household agents are assumed to be uniformly distributed along the transportation routes. The RD of the neighborhood is defined as the total number of agents in the transportation system divided by the number of nodes in the network. In this study, the total number of agents in the transportation network ranges from 320 to 640 (i.e., RD ranges from 20 agents/node to 40 agents/node) to explore how RD affects agents' evacuation processes.
Scenario Design. With the aforementioned transportation network as a case study area, this study aims to investigate how human's heterogeneous behaviors (i.e., RT threshold) and residential density could affect the benefits of flood warnings. We design three scenarios. The first scenario is for model validation, which we conduct by comparing the results of a set of experiments with empirical knowledge about flood warning systems. The second scenario explores how agent's heterogeneous behaviors affect the benefits of flood warnings. The third scenario investigates the potential interplay between RD and flood forecast accuracy and its effect on the benefits of flood warnings. Table 2 shows the parameters of these three scenarios.
This study focuses on simulating agents' evacuation processes during flood events, without considerations of false alarms (i.e., the agents receive flood warnings, but eventually there is no flood). Therefore, we consider flood forecast accuracy only in terms of the predicted flood probability. For example, for a flood forecast indicating 85% probability of having a flood in 3 h, the associated forecast accuracy and lead time will be 0.85 and 3 h, respectively. We also assume that the agents will receive a flood warning at the beginning of model execution, and will not receive any other flood warning information during the following simulation periods. In other words, the agents only receive one piece of flood warning information during the entire simulation.
RESULTS AND DISCUSSION
Scenario 1: Model Validation
In this section, we test whether our model can capture the following findings of previous empirical studies: (1) that the benefits of flood warnings have a positive relationship with flood forecast accuracy; and (2) that the benefits of flood warnings have a positive relationship with flood warning lead time (Estrela et al., 2001; National Hydrologic Warning Council, 2002; Golnaraghi et al., 2008) . The results of model validation are shown in Figures 5a-5c . Figure 5a shows that the benefits of flood warnings increase as flood warning lead time increases. Figure 5b shows that the benefits of flood warnings increase as predicted flood probability increases. JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION probability or lead time reaches its lower limit (0.7 for predicted flood probability and 200 T for flood warning lead time). In addition to the lower limits for flood warnings, upper limits also exist beyond which the benefits of flood warnings will not increase significantly (0.75 for predicted flood probability and 500 T for flood warning lead time in the case study). The results from Figures 5a-5c demonstrate that the model is able to capture the empirical findings from experts' domain knowledge of flood warning information.
Scenario 2: Relationships between the Benefits of Flood Warnings and Agents' Heterogeneous Behaviors
This scenario aims to explore the relationships between the benefits of flood warnings and agents' flood warning response behaviors. To be specific, this scenario addresses two questions: (1) Will agents' flood warning response behaviors (i.e., agents' RT threshold) affect the benefits of flood warnings? (2) How will agents' behavioral heterogeneity (i.e., variation in agents' RT threshold) affect the benefits of flood warnings? The first question aims to demonstrate that the benefits of flood warnings can be affected by agents' behaviors; the second question is intended to evaluate the importance of considering the characteristic of behavioral heterogeneity in simulating agents' behaviors.
Agents' behavioral heterogeneity implies that different agents will behave differently under identical environment conditions (i.e., flood warnings). In this study, we measure behavioral heterogeneity by the coefficient of variation in the agents' risk threshold. Four groups of agents are investigated: two groups of risk-tolerant agents with average risk threshold higher than predicted flood risk, and two groups of risk-averse agents with average risk threshold lower than the predicted flood risk. We set seven levels of behavioral heterogeneity, with coefficient of variation in risk threshold varying from 0 to 0.3. Agents are homogeneous when the coefficient of variation is 0. Figure 6 shows the simulation results for a scenario in which the predicted flood probability (p f ) is 0.75 and flood warning lead time is 400 T. The results show that the benefits of flood warnings increase as agent heterogeneity increases for risk-tolerant agents (l RT > p f ). The opposite phenomena hold true for risk-averse agents (l RT < p f ). Given that the residents' RT follows normal distribution with mean value (l RT ) and coefficient of variation CV RT (RT~N (l RT , l RT CV RT ) | RT 2 [0,1]), the percentage of residents (p e ) who decide to evacuate after receiving flood warning can be represented by:
where p f is the predicted flood probability of the issued flood warnings, p RT is the probability distribution function of RT, and Φ( • ) is the cumulative distribution function of a standard normal distribution. For risk-tolerant agents (l RT > p f ), p e ¼ Uð p f Àl RT l RT CV RT Þ increases as CV RT increases, indicating that more agents decide to evacuate as behavioral heterogeneity indicator (CV RT ) increases. Therefore, the benefits of flood warnings increase as agent behavioral heterogeneity increases. The opposite holds true for risk-averse agents. This finding agrees with previous studies that the relationship between agent heterogeneity and model output is not uniformly monotonic (Huang et al., 2013) . This finding suggests that, when providing the public with flood warning information, flood warning managers should not expect that all of the public will interpret and respond to the information in the same way. Instead, special information and consideration should be given for certain groups of people. For example, people who have no past experience with floods are less likely to respond to flood warnings compared with people who have past experience. This past experience includes not only experiences of evacuation during actual flood events with different flood warning systems but also experiences in practicing evacuation as part of emergency preparedness. It has been shown that practicing evacuation drills is effective to enhance the awareness of flood risk and mitigate flood damages (Yamada et al., 2011) . Social class, gender, and level of education might also affect people's understanding of flood warnings and evacuation actions (Parker et al., 2007) . These findings show that flood warning managers should take the heterogeneity of human attributes into consideration when issuing flood warnings. For example, the model results suggest that risk-tolerant agents will not take actions to evacuate unless they are provided with warnings of high flood probability. Thus, it is important for flood warning managers to identify risk-tolerant agents in the community and provide additional information or resources to aid their decision making. Besides risk threshold heterogeneity, agents' average risk threshold is also an important factor affecting the benefits of flood warnings. To understand the relationship between flood warning benefits and agents' average risk threshold levels, we investigate three different flood warnings with the same predicted flood probability but different lead times (Figure 7) . The results provide at least two insights. First, as expected, modeled flood warnings with longer lead times outperform those with relatively shorter lead times, as longer lead times allow the agents more time to respond to flood warnings and evacuate to safe areas. However, the results also show that the marginal benefit from the improvement in lead time depends, to a great extent, on the agents' JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION risk threshold. More benefits could be achieved by increasing warning lead times for risk-averse agents than for risk-tolerant agents. However, even a longer warning lead time yields no additional benefits if the agents' risk threshold exceeds a limit (0.85 in this case). This suggests that risk-tolerant agents will not benefit from flood warnings with longer lead times if their risk thresholds do not change. This finding leads to the second insight of the results: in addition to providing the public with better flood warning information, informing them about how to respond to flood warnings could be an effective way to reduce flood-related damage. For example, the model results here show that there are almost no additional benefits if the flood warning lead time is increased from 200 T to 400 T when the agents' average risk threshold is 0.80. However, a benefit increase of 0.22 is achieved if the agents become more risk averse, with the risk threshold reduced from 0.8 to 0.75 (from A to B in Figure 7 ). Empirical studies have shown that people's understanding of flood risk is often not necessarily logical, leading to misjudgment of flood risk (Tversky and Kahneman, 1973; Weinstein and Klein, 1995) ; educating them how to respond appropriately could be beneficial. Thus, combining appropriate flood warning response with reliable information can make flood warnings more valuable.
Scenario 3: Impact of Residential Density on the Benefits of Flood Warnings
This scenario aims to understand how the attributes of residential properties affect agent's evacuation process and ultimately affect the benefits of flood warnings. The attributes of residential properties can be measured by multiple matrices, such as distribution, density, educational level, and social class of residents, etc. In this particular study, we only focus on RD, which may significantly affect traffic load during an emergency evacuation process. Figure 8 explores the impacts of RD on the benefits of flood warnings under different flood warning scenarios. In general, flood warnings with higher predicted flood probability are associated with greater benefits, especially in low-density residential areas. However, the benefits associated with more accurate flood warnings is constrained in high residential areas because a large fraction of the agents that take evacuation actions may not successfully evacuate to a safe area as a result of traffic congestion caused by high traffic loads. In other words, the marginal benefit of providing higher predicted flood probability is higher in low residential areas than in high residential areas. Therefore, the model results show that it is more effective to increase predicted flood probability in low residential areas. In contrast, in high residential areas, increase in predicted flood probability does not yield a significant increase in the benefits of flood warnings. Instead of working on increasing predicted flood probability, increasing flood warning lead time or improving evacuation routes may be more beneficial. Figure 9 summarizes agents' evacuation status and evacuation times under different residential densities. As RD increases, the number of agents who decide to evacuate through the transportation network increases. This results in two phenomena as shown in Figure 9 . First, the percentage of agents who successfully evacuate to the safe area decreases as RD increases. For example, 100% of the agents that decide to evacuate can successfully evacuate to the safe area when the RD is 20 agents/node. However, this value decreases to 81 and 68% when the RD is 30 agents/node and 40 agents/node, respectively (Figure 9a) . Second, the average evacuation time for all of the agents increases as RD increases, which is 150.2 T, 162.3 T, and 169.6 T when RD is 20 agents/node, 30 agents/node, and 40 agents/node, respectively (Figures 9b-9d) . The model results suggest that RD is an important factor that affects the agents' evacuation process in the transportation network. Flood warning managers need to pre-estimate the total time needed for the people to evacuate to the safe area when issuing flood warnings, especially in high residential areas where traffic load can be high when all people decide to evacuate. To further investigate how RD affects agents' evacuation processes, we simulate the evacuation process when RD is 20 agents/node, 30 agents/node, and 40 agents/node, respectively. The simulation results are shown in Figure 10 . The time needed for 50% (100%) of the agents to evacuate to the safe area is approximately 200 T (580 T) when RD is 30 agents/node. This time is approximately 150 T (430 T) and 250 T (785 T) when the RD is 20 agents/node and 40 agents/node, respectively. The results suggest that more evacuation time is needed to achieve high flood warning benefits when RD increases. For example, when RD increases by 33% (from 30 agents/node to 40 agents/node), the time needed for 50% of the agents to evacuate to the safe area increases by 25% (from 200 T to 250 T). However, the time for 100% of the agents to evacuate to the safe area increases by 35% (from 580 T to 785 T). Similar conclusion can be drawn when RD increases from 20 agents/node to 30 agents/node. This implies that achieving high benefits from flood warnings is much more challenging in high residential areas than in low residential areas because the increase in evacuation time is larger than the increase in agent population.
CONCLUSIONS AND FUTURE WORK
This study proposes an agent-based modeling framework for incorporating the quality of flood warnings (i.e., predicted flood probability and lead time), the heterogeneous nature of response to flood warnings (i.e., the mean and coefficient of variation in agents' risk threshold), and RD in flood warningresponse systems. The framework is coupled with a traffic model to evaluate how these components interplay with each other to affect agents' evacuation processes in the face of flood warnings. There are three important findings from this study: (1) the benefits of flood warnings are affected not only by the quality of flood warning information but also by responses to such information; (2) the marginal benefit associated with providing better flood warnings is significantly constrained if people behave in a more risk-tolerant manner; and (3) RD plays an important role in evacuation effectiveness and ultimately the benefits of flood warnings. This highlights the need for different flood warnings depending on the specific RD of flood zones.
While tremendous efforts have focused on providing better flood warning information to the public, this study suggests that collecting and using information on human behaviors and residential characteristics of flood-threatened areas will make flood warnings more beneficial. Such information can help flood warning managers increase warning efficiency by enabling them to determine when and how to release flood warnings to the public. With advanced information delivery technologies such as social media, it is not beyond the realm of reality that all of this information could be available and accessible in real time. Twitter, Facebook, and cell phone location services could provide real-time information about flood situations and recommended actions in floods. Flood warning managers could also collect and use information from social media to update the current flood forecast with increased detail and accuracy . Such information may also assist emergency managers to rescue people during floods. For example, in the 2011 Thai flood, Twitter was used by local citizens to collect and disseminate upto-the-minute flood information and requests for assistance. It was quite beneficial to emergency managers to analyze and use this Twitter information to provide assistance in a timely manner according to specific needs (Kongthon et al., 2012) .
This study is a theoretical modeling framework to investigate the complexities of flood warning-response and evacuation systems and inevitably has some limitations. First, we simulate a single flooding event without considering the public's behavioral changes resulting from past experiences of flood events. In reality, people might change their flood RT based on their past experiences. For example, after experiencing several flooding events and high flood-related costs, risk-tolerant agents might become risk-averse agents. Future work can obtain residents' socioeconomic and demographic data and their responses to flood warnings to understand the decision-making processes during flood events. Second, in this study, we assume that all of the agents remaining in the area at the end of model execution will be flooded, and the agents who have evacuated to the safe area before the end of model execution will not be flooded. Thus, we did not specify the direction, speed, or timing of the flood inundation processes. In future work, we will simulate the gradual inundation processes to better model flood behaviors in the real world. Third, some assumptions of the theoretical model may not apply to real-world situations. For example, we assume that all of the households are knowledgeable about evacuation paths and will choose the shortest one. However, in reality the agents might dynamically change evacuation paths based on real-time traffic conditions and warning information. Further exploration of the impact of individual's route choice behaviors on transportation conditions during evacuations has been previously suggested (Pel et al., 2011) and our study concurs with this need. Finally, this study assumes that agents make independent evacuation decisions without communicating with each other. In the real world, relatives, neighbors, and friends greatly affect evacuation decisions (Parker et al., 2009) . In general, interactions among agents affect not only individual behaviors but also the emergence of the overall system. Future work may explore how an agent's decisions are related to the agent's geographical location in the residential area (e.g., agents who are more close to safe areas may be more likely to behave in a risk-tolerant manner). Other socioeconomic household characteristics (e.g., size of household, economic value of the home, pet ownership) might also affect agents' behaviors. This study can be expanded by incorporating additional socioeconomic heterogeneities into the model. These improvements can better capture the complex behaviors of flood warning-response systems and help emergency managers with more informed decision making during flood events.
